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Abstract-This paper proposes an implementation of calibrated 
acoustic emission (AE) and vibration techniques to monitor 
progressive stages of flank wear on carbide tool tips. Three 
cutting conditions were used on workpiece material, type 
EN24T, in turning operation.  The root-mean-square value of 
AE (AErms) and the coherence function between the 
acceleration signals at the tool tip in the tangential and feed 
directions was studied.  Three features were identified to be 
sensitive to tool wear: AErms, coherence function in the 
frequency ranges 2.5-5.5 kHz and 18-25 kHz. Belief network 
based on Bayes’ rule was used to integrate information in order 
to recognise the occurrence of worn tool. The three features 
obtained from the three cutting conditions and machine time 
were used to train the network. The set of feature vectors for 
worn tools was divided into two equal sub-sets: one to train the 
network and the other to test it. The AErms in term of AE 
pressure equivalent was used to train and test the net work to 
validate the calibrated acoustic. The overall success rate of the 
network in detecting a worn tool was high with low error rate. 
 
Keywords- Acoustic emission, Vibration, Tool wear monitoring, 
Belief network. 
 
I. INTRODUCTION 
 
In machining, whether a tool needs to be changed is 
decided either by a machine operator or by the life 
expectancy of the tool.  The judgement of the machine 
operator is often based on the visual inspection of the tool 
and the surface finish produced on the work piece, both 
requiring a certain degree of skill. 
 
The decision based on tool-life expectancy suggests the 
idea of an average life for a class of tools calculated from 
previous data.  For a particular machining condition, the 
tool manufacturer gives a recommended tool life for a 
given insert.    This practice of tool replacement based on 
fixed tool life may not be the most economical since a tool 
can be replaced prematurely or only after damage has been 
done. Consequently, besides the unnecessary wastage of 
some tools, the frequent tool changes cause higher machine 
downtime, decreasing thereby the system productivity and 
increasing production costs.  
 
In manufacturing, cutting cost and improving product 
quality are the necessary measures to adopt in an 
increasingly competitive world. In addition to the 
developments within manufacturing technology leading to 
the machining of larger or complicated workpieces and the 
use of expensive materials, the need for condition 
monitoring of cutting tools becomes increasingly evident. 
For these reasons, quality and productivity requirements 
through international competition have forced many 
manufacturers to use automated monitoring systems. 
 
A variety of tool wear and failure sensing techniques have 
established the effectiveness of tool failure detection in the 
last few decades. Optical techniques have been used to 
measure the progress of tool wear by using a CCD camera 
[1] or a TV camera [2]. Uehara [3] detected tool wear by 
scanning chips with an electron microprobe analyser for 
wear debris removed from the cutting edge. Cook [4] used 
abraded radioactive wear particles; a small amount of 
radioactive material was implanted in the flank of the tool. 
The spot was checked at the end of every cutting cycle. If 
the spot disappeared, the spot would be considered to be 
tool worn. Gomayel [5] used an electromagnetic sensor to 
measure the change in diameter of a work piece and 
converted it to the size of wear on the tool. The voltage 
output obtained from the electromagnetic sensor was 
directly related to the gap between the sensor and the 
workpiece. Cutting forces have been used to relate to tool 
wear and tool breakage [6,7]. Sadat [8] detected flank wear 
by using the noise spectra resulting from the rubbing action 
of the tool with the workpiece. It was found that the noise 
in the frequency range 2.75 – 3.5 kHz significantly 
increased from 9 to 24 dB as the tool became worn. Motor 
current [9] and motor power [10] of the spindle were 
investigated for tool wear and tool breakage sensing. 
Turkovich and Kramer [11], and Lin [12] attempted to 
measure the temperature in the cutting zone and relate it to 
tool wear. The temperature around the cutting tool edges 
was found to be related to wear, and the friction between 
the chip and the cutting tool.  Takeyama [13] proposed that 
the slightest change of the cutting edge due to chipping or 
wear be detected using a pair of optical reflection systems.  
However, these techniques are not widely adopted in 
industry. 
 
This paper described the development of a novel on-line 
tool wear condition monitoring intelligent system for 
single-point machining operations.  This system used 
acoustic emission and vibration techniques for monitoring 
the different stages of tool wear. The root-mean-square 
value of the acoustic emission (AErms) and the coherence 
function between the acceleration signals at the tool tip in 
the tangential and feed directions were used to detect the 
progression of flank wear in carbide tool tips.  An expert 
system, called the “Belief network” based on Bayes’ rule, 
was utilised to integrate the information of AErms and 
vibration parameters for classifying the tool condition. 
 
II. THEORIES OF ACOUSTIC EMISSION AND 
COHERENCE FUNCTION FOR TOOL WEAR 
DETECTION 
 
A. Acoustic emission and tool wear 
 
Acoustic emissions (AE), by definition, are transient 
elastic waves generated by the rapid release of energy from 
localised sources within a material [14]. These elastic 
waves can be detected by transducers attached to the 
surface of the specimen. Research into the use of acoustic 
emission for tool wear monitoring [15-19] has established 
that there exists a definite relation between AErms and tool 
wear. 
 
AErms is the root mean square value of the AE signal. 
Since acoustic emission activity is attributed to the rapid 
release of energy in a material, the energy content of the 
acoustic emission signal can be related to this energy 
release.  AErms can be defined as  
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where   
V(t) = the voltage signal from an AE transducer, and 
T = the duration of the signal. 
 
B. Coherence function and tool wear 
 
A cutting tool in turning is typically mounted as a 
cantilever. The cutting force can be represented by the 
three mutually perpendicular components, the radial, 
tangential and feed force components respectively along to 
as the x-, y- and z-axes. The radial force is relatively low 
compared to the other two and so the tool tip can be 
assumed to move mainly in the yz-plane. The shear force 
associated with the shear plane is resolvable into both the 
y- and z-directions, and thus the two component forces are 
correlated. On the other hand, the frictional forces that 
occur at the chip-tool and tool-workpiece interfaces are 
mainly forces confined in the respective z- and y- 
directions because of the geometry of the tool; these 
frictional forces are therefore largely uncorrelated. 
 
The coherence function between the two acceleration 
signals is defined as     
                  
GyGzGyz /22 =γ                 (2) 
 
where Gyz is the cross spectrum between the acceleration 
signals in the tangential and feed directions; and Gy and Gz 
are the auto spectrum of the acceleration signals in the 
tangential and feed directions. 
 
The meaning of the value of the coherence function can be 
divided into three cases: 
• If the tangential force and feed force are completely 
uncorrelated so that YZG  = 0, then 
2γ  =0 
• If the tangential force and feed force are completely 
correlated, then 2γ  =1 
• In actual practice, since the two forces are never 
completely correlated nor uncorrelated,  ≤≤ 20 γ  1
   
 
III. EXPERIMENTAL SET-UP AND RESULTS 
 
A tool holder (SDJCL 1616H 11) and carbide tool inserts 
(CG 4035 DCMT 11 T3 04-UF), both from Sandvick 
Coromant, were used. The insert geometry was: insert 
shape angle 55°, clearance angle 7°, rake angle 0°, cutting 
edge length 11 mm, thickness 3.97 mm and nose radius 0.4 
mm. 
  
An AE sensor (type WD from PAC) was mounted at the 
end of the tool-holder. Signals were amplified with a total 
gain of 34 dB band-passed filtered from 100 kHz to 1 
MHz.  The AE signal detected at the sensor was analysed 
in real time using a Hewlett Packard HP 89410A Vector 
Signal Analyser to produce a 401-line AErms spectrum 
spanning 0 to 1 MHz and averaged over 250 consecutive 
spectra. The overall root mean square was calculated from 
overall the AErms spectrum. 
 
Two accelerometers (model 303A03 from PCB) powered 
by a PCB power supply were mounted close to the tool tip: 
one in the direction of tangential force and the other in the 
direction of feed force. The measuring frequency ranges of 
the accelerometers are 1 - 10,000 Hz at ±5% and 0.7 - 
20,000 Hz at ±10%.  This model of accelerometer is 
designed for adhesive mounting. Because of the high 
temperature in cutting, glass-ceramic-disk insulators, 10 
mm diameter by 1 mm thick, were attached between the 
tool holder and the accelerometers. A silicone rubber 
compound, which can withstand up to 250°C, was used to 
mount both the accelerometers and glass-ceramic 
insulators. The outputs of the accelerometers were fed to 
the SI 1220 multi-channel spectrum analyser. 500 spectral 
points were recorded and analysed in the frequency range 
of 0 Hz -25 kHz over 8 consecutive spectra.  
 
Three sets of machining tests were conducted and their 
conditions are: 
• Machining condition 1: Cutting speed, depth of cut 
and feed rate were constant at 150 m/min, 1mm and 
0.3 mm/rev respectively. 
• Machining condition 2: Cutting speed, depth of cut 
and feed rate were constant at 250 m/min, 0.75mm and 
0.25 mm/rev respectively. 
• Machining condition 3: Cutting speed, depth of cut 
and feed rate were constant at 300 m/min, 0.5mm and 
0.2 mm/rev respectively. 
 
For all three machining conditions the wear curves show 
that flank wear increases approximately linearly with the 
cutting time as in Figs. 1, 2 and 3. The rapid flank wear is 
apparent at the final stage. The final flank wear length of 
the three cutting conditions before the onset of rapid wear 
rate are 0.44 mm at 40.9 min, 0.22 mm at 10.7 min and 
0.28 mm at 19.9 min respectively. 
 
Fig 1. AErms obtained from machining test at speed 150 
m/min, depth of cut 1.0 mm and feed rate 0.3 mm/rev. 
 
Fig 2. AErms obtained from machining test at speed 250 
m/min, depth of cut 0.75 mm and feed rate 0.25 mm/rev. 
 
 
 
 
 
 
Fig 3. AErms obtained from machining test at speed 300 
m/min, depth of cut 0.5 mm and feed rate 0.2 mm/rev. 
 
For machining condition 1, AErms increased within the 
initial stage of wear and then settled down to a constant 
level with much local fluctuation. Machining condition 2 
shows that during the second half stage the AErms 
increased with the progression of flank wear. Machining 
condition 3 shows that AErms was roughly constant with 
the progression of tool wear until the final stage when the 
AErms dropped before it rose again to the point when the 
tool was so worn that it could not be used.  
 
Results of the coherence with tool wear show that the 
values of the coherence function in the vicinity of the 
natural frequency (2.5 kHz –5.5 kHz) decreased with tool  
wear whilst at the high frequency end (18 kHz – 25 kHz) 
the coherence value increased. The relation of coherence 
function in the two frequency ranges, 2.5 kHz –5.5 kHz 
and 18 kHz – 25 kHz, with tool wear are demonstrated as 
in Figs 4, 5 and 6 for the three machining conditions. 
 
Fig 4. Coherence at frequency range 2.5-5.5 kHz and 18-25 
kHz and flank wear with cutting time at cutting speed 150 
m/min depth of cut 1.0 mm and feed rate 0.3 mm/rev. 
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Fig 5. Coherence at frequency range 2.5-5.5 kHz and 18-25 
kHz and flank wear with cutting time at cutting speed 250 
m/min depth of cut 0.75 mm and feed rate 0.25 mm/rev. 
 
 
Fig 6. Coherence at frequency range 2.5-5.5 kHz and 18-25 
kHz and flank wear with cutting time at cutting speed 300 
m/min depth of cut 0.5 mm and feed rate 0.2 mm/rev. 
 
Forces acting on the tool tip can be considered to be made 
up of two parts: that which is correlated due to the 
common shear force and that which is uncorrelated due to 
friction at the two interfaces as explained in Section II.B. 
The tangential and feed forces in the respective y- and z-
directions are partially correlated through the shear force. 
The friction forces at the chip/tool and tool/workpiece 
interfaces are uncorrelated forces appearing in the feed (z-) 
direction and tangential (y-) direction. These friction forces 
vary with the breaking of contacting asperities. At the 
advanced stage of wear the correlation represented by the 
coherence function at the natural frequency is much 
reduced because the frictional effect has become more 
dominant than that due to shear. Consequently, at around 
the resonance frequency of the tool, the coherence function 
falls with the progression of tool wear. 
 
IV. BELIEF NETWORK 
 
In order to improve the robustness of the tool wear 
monitoring system, information from both the coherence 
function and AErms must be fully exploited. An expert 
system, named Netica, was used.  The advantages of 
Netica are its ease of use, user-friendly graphical interface 
and low cost. Netica operates on the principle of “Bayes 
rule” which can be defined as 
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where )\( ASP i  = posterior probability of Si given 
A. 
)\(
i
SAP
 = conditional probability of A 
given Si 
)( iSP   = prior probability 
 
S2, S3.....Sk   =  a set of events. 
 
In order to use belief networks, the distribution of 
conditional probability for each variable needs to be 
specified. In many applications, these probabilities are 
allocated by experts. In this paper the conditional 
probability was obtained from the case data contained in a 
file. This case file holds information of the coherence 
function in frequency ranges 2.5 kHz -5.5 kHz and 18 kHz 
-25 kHz, AErms, machining time and the stages of tool 
wear (worn and not worn).  
 
The three features and machine time obtained from the 
three cutting conditions were used to train the network. 
The set of feature vectors for worn tools was divided into 
two equal sub-sets: one to train the network and the other 
to test it. It must be noted that the boundary between a 
worn and not-worn tool expressed in terms of the flank 
wear height was slightly different in the three machining 
conditions. The final flank wear height measured for the 
machining conditions 1, 2 and 3 before the onset of rapid 
wear rate were 0.44 mm at 40.9 min, 0.22 mm at 10.7 min 
and 0.28 mm at 19.9 min respectively. Since the number of 
“worn” cases is small, they were used as a group to train 
the belief network. 
 
Fig 7. shows the five nodes of the belief network referred 
to as 1) High_end, 2) Low_end, 3) AErms, 4) 
Machine_time and 5) Tool_wear nodes. The time range of 
the Machine_time node was divided into four sub-intervals 
taking into consideration the tool life of each cutting 
condition. The intervals, as shown in the first column in the 
Machine_time node in Figure 7, are 0-8 min, 8-16 min, 16-
32 min, and 32-45 min respectively. The second column of 
the Machine_time node indicates the probability values 
learnt from the case file. Similar to the Machine_time 
node, the ranges of AErms, High_end and Low_end nodes 
were divided into sub-ranges also based on the stages of 
tool wear, worn or not worn, for each machining condition. 
In the Tool_wear node, there are two stages: not_worn and 
worn. The probability of each stage was calculated using 
Equation 3.  
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Fig 7. Belief network to predict the two stages of tool wear. 
 
The numbers of cases used to train and test the network 
were 67 and 61 respectively. The predicted results of 61 
cases were as shown in Table 1 below. 
 
Predicted 
not_worn     worn     
Actual 
  54        1     not_worn (55 cases) 
   1        5     Worn (6 cases) 
 
Table 1. The predicted result of the belief network. 
 
From Table 1, it can be seen that the misclassification error 
for the “not worn” status is 1/55 = 1.8% and the error for 
the “worn” status is 1/6 = 16.7%.  Taking the two statuses 
together, the total error rate of misclassification is 
(1+1)/(55+6) = 3.3%.  Although the missed detection of 
worn tool is relatively high, the monitoring can be made 
more robust by immediate sequential assessments.  If the 
subsequent assessments return the same verdict, then the 
initial belief is reinforced.   
 
V. CONCLUSIONS 
 
Three cutting conditions were conducted on the EN24T 
workpiece material  in a turning operation.  The root-mean-
square values of the AE (AErms) appear to be sensitive to 
tool wear and cutting condition.  
 
 
At the advanced stage of tool wear, the values of the 
coherence function in the vicinity of the natural frequency 
(2.5 kHz –5.5 kHz) of the cutting tool decreased with tool 
wear because the frictional effects were more dominant 
than shear effects. Whilst in the high frequency range (18 
kHz – 25 kHz) the coherence function increased. 
 
The belief network based on Bayes’ rule was used to 
integrate information from AE and vibration in order to 
improve the correct recognition rate of the “worn” tool 
status. The three features and machining time obtained 
from the three cutting conditions were used to train and test 
the network. The overall success rate of the network in 
detecting a worn tool was high with an error rate of 3.3 %. 
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